In this paper we introduce an evidential multi-source segmentation scheme for the extraction of prostate zonal anatomy using multi-parametric MRI. The Evidential C-Means (ECM) classifier was adapted to a segmentation scheme by introducing spatial neighbourhood-based relaxation step in its optimisation process. In order to do so, basic belief assignments on voxels membership were relaxed using distance-weighted combination of belief from spatial neighbours. For the application on prostate tissues, geometric a priori was modelled and used as an additional data source. Our method was first experimented on simulated images to prove the improvement brought to the ECM. A validation study of the segmentation method was then conducted on 31 patients MRI data. Each MRI was manually segmented by three independent expert radiologists, and an estimated truth was computed using STAPLE algorithm, for inter-observer variability was taken into account. This validation proved that segmentation obtained with our method is accurate and comparable to expert segmentation. We also show that our segmentation scheme enables to detect and highlight outliers, which could be interpreted by physicians as irregular tissues. The use of belief functions also provides additional information on borders between structures. We do believe these are sources of evidence that could help physicians/algorithms in characterising tissues and structures.
Introduction
It is known that acquired data is imprecise, uncertain, incomplete, and distorted by sensors or observers it emanates from. In such a context, the use of multi-sensor data sources brings an important enhancement in data analysis as different sensors have their own physical characteristics, and con-5 sequently do not necessarily detect the same features of the real scene. This statement is specially relevant in the field of medical image analysis where the use of different imaging modalities and/or acquisition techniques allows having complementary information on in vivo tissues, pathologies, etc. In many cases, physicians tend to use "multi-sensor" images to refine reliabil-10 ity of their image-based diagnosis. We shall distinguish two types of data implied by multi-sensor. The first one is data provided by different imaging modalities. The second one is provided by a single imaging modality, using several acquisition techniques/parameters making the imaging device act like a different sensor. In the context of MR Imaging, physicians use 15 the terms "multi-parametric", "multi-modal" or "multi-spectral". In this field, there is an increasing interest in adapting image analysis techniques to multi-sensor schemes [1, 2, 3, 4] . Many authors have worked on fusion and segmentation of multi-sensor images, and this technique proved to be efficient in many application fields, especially medical images analysis. Flach 20 et al. [4] focused on registration and segmentation of multi-modal images (MRI, CT scans, Ultrasound, etc.), and proposed a generic method based on Gibbs probability distribution. Chun et al. [5] also used Gibbs-Markov random fields (GRF and MRF) for a Bayesian classification of multi-echo MRI. Bricq et al. [6] proposed a unifying framework using MRF for multi-25 echo brain MRI segmentation. Lee et al. [3] modelled multi-echo image regions using a similar approach (GRF and MRF), but compared results from Bayesian MAP and the evidential reasoning [7, 8] , also known as belief functions theory. These authors could establish that the evidential approach was less restrictive than the MAP decision. We believe multi-sensor segmen- 30 tation methods should rely on models that take into account redundancy and conflicts between data sources. Evidence theory, also called DempsterShafer theory [8, 7] , is widely used in data fusion and pattern recognition [9] as it provides strong and native modelling of imprecision, data fusion, eventual conflictual sources and outliers rejection [10, 11, 12, 13, 14, 15] .
There are several applications of evidence theory in medical images analysis and computer aided diagnosis. In [3, 16] , evidential modelling was used for segmentation of brain MRI. In [17] it was used for segmentation of left ventricle of the heart. In [2, 15] Bloch as well as Capelle et al. introduced evidential classification of dual-echo brain MRI in a pathological context.
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In the context of prostate cancer diagnosis, image-based examination routines now include both morphological studies (e.g. T2-weighted MRI) and functional imaging (e.g. diffusion weighted and T1-weighted contrastenhanced MRI). These multiple imaging studies provide a huge amount of complementary but also redundant and highly imprecise information, which 45 is used by physicians in early detection and staging of prostate cancer. It also allows a better characterisation of prostate key substructures like the peripheral zone and the center of the gland [18] . The prostate consists of four zones : peripheral zone (PZ), central zone (CZ), transition zone (TZ) and fibro-muscular structure (figure 1). With aging, the periurethral tissue 50 and the TZ may considerably hypertrophy, gradually compressing the CZ and stretching the PZ. This hyperplasia essentially does not involve the PZ and therefore, only two areas may be considered from a radiologic point of view : the central gland (hypertrophied transition zone and periurethral glands) and PZ. In this paper, Transition Zone (TZ) refers then to the 55 complementary of PZ. PZ and TZ are key structures, as 80% of prostate tumours are located within PZ, and TZ/Prostate volumes' ratio can be used to monitor dysfunctions of the gland. Manually outlining these structures is a tedious task and not feasible in clinical routine and, to our knowledge, no automatic segmentation method had been proposed in literature.
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In this study, we introduce a novel evidential segmentation method for classification of prostate zones on multi-parametric MRI. Our segmentation process is based on the Evidential C-Means (ECM) recently introduced by Masson and Denoeux [19] . The contributions of our method are the introduction of voxels' spatial neighbourhood information in the optimization process of the ECM, and the use of a spatial a priori, deduced from a mathematical modelling based on catenaries geometry. The paper is organised as follows: in Section 2, we briefly describe theoretical background and rational of our study. In Section 3, we detail our methods for introducing spatial neighbourhood and modelling an a priori -based feature. In Section 4, we experiment and show the improvements enabled by our contributions, and we detail the validation of our method for use in a clinical context. Section 5 concludes the paper. 
Belief functions theory
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Belief functions theory, also called evidential reasoning, was first introduced by Dempster in 1967 [8] and was formalised as a theory by [7] . Smets and Kennes' Transferable Belief Model (TBM) [20] brought a coherent interpretation of the underlying concept of the theory, far from the restricted probabilistic interpretation. The modelling associates a source of data -or 80 sensor -S, to a frame of discernment Ω = {ω 1 , ..., ω k } composed of the k hypotheses that can be observed by S. This model extracts belief on all subsets of Ω, called propositions. A proposition {ω i , ..., ω j } ∈ 2 Ω is quantified by a basic belief assignment (bba). A bba m () is a function from 2 Ω = {∅, ω 1 , ..., ω k , ω 1 ∪ ω 2 , ω 1 ∪ ω 3 , ..., Ω} to the range [1, 0] . m () must sat-85 isfy the following condition:
Let A ⊆ Ω be a proposition: the higher m (A) the stronger the belief on the proposition A.
Several operations can be performed on bbas: discounting [21] , combination [22] , transformation to probability measures [23] , etc. For a better 90 readability of this paper, some of these items that are used in this work are defined in the context of the application, and thus are detailed in the Methods section.
Evidential C-Means (ECM)
Masson and Denoeux [19] proposed a novel C-Means classifier using belief 95 functions and strongly inspired by the fuzzy c-means and the noise-clustering algorithm [24] . This evidential classifier, called ECM, optimises a credal partition, which could be assimilated to membership partition in Fuzzy CMeans approach. Let us consider a set of N patterns to be classified in C classes: Ω = 100
4
The bbas {m 1 , ..., m N } are derived from patterns object data (non relational) based on distance measure. In addition to the C classes, a noise cluster is also defined by a threshold value as introduced in [24] .
ECM's optimisation process consists in looking for a credal partition M and a matrix V of classes centres, that both minimize the following objective function
where a and b are weighting parameters (default values, given in [19] ,
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are equal to 2), and δ is a threshold distance to the outliers "class". d ij is the distance from pattern P i to V j the "barycentre" of A j . Indeed, using a C-Means approach demands the definition of classes' centre. In Evidential C-Means, Masson and Denoeux [19] defined barycentres, which are centres of Ω's subsets. Let V j (1 ≤ j ≤ 2 c ) be the s × 1 column vector representing 115 the barycentre of element A j ⊆ Ω. V j is given by
where δ kj equals 1 if ω k ∈ A j (0 else) and ω k is the s × 1 column vector of features representing the centre of class ω k .
Methods
Definitions & assumptions
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We assume s volume data sources {S d } 1≤d≤s , and v (x, y, z) a voxel having (x, y, z) as volume coordinates. To v (x, y, z) we associate the pattern
where
is the intensity of v (x, y, z) according to data source d. Let Ω = {ω 1 , ..., ω c } be the set of c classes that represent volume regions we have to segment. Ω is also called frame of discernment. We 125 note 2 Ω = {A j } 1≤j≤2 c the powerset, or set of subsets, of Ω. The segmentation process we propose classifies each pattern P in one of Ω's elements, while taking into account its spatial position (x, y, z) and information from its connected neighbours. These neighbours are identified using a chosen connexity system. 
Basic Belief Assignment extraction
The first step in this evidential segmentation process is the extraction of Basic Belief Assignment on the membership of voxels. We use the distancebased model introduced in the ECM [19] . According to this method, for each voxel v i a bba m i is defined on elements of 2 Ω by
where d ij is the distance from voxel v i to the barycentre of element A j . The set of bbas
is then used to build M , be the credal partition as defined in section 2.2 (equation 2).
Introducing spatial neighbourhood
The We assume that within an image region, or class, a bba is not only a knowledge on a voxel, but also a partial knowledge on its neighbours. Cor-150 rupted information, extracted from outliers, also known as noise patterns, can then be fixed by its neighbours, which is one of the principles of noisereducing methods and filters. Thus, introducing neighbourhood information in the ECM modelling would :
• model contextual region information in extracting knowledge on pat-155 terns/voxels.
• reduce corrupted information, related to outliers and noise.
• assimilate the ECM classifier to a region-based segmentation process.
We focus on tools proposed by belief functions theory for merging and combining bbas. The algorithm we propose is then a modified ECM: MECM. 
Combining neighbour bbas
Let m i be the bba of pattern P i , associated to voxel v i (x, y, z). We relax m i by combining it with bbas from spatially connected neighbours. Spatial neighbourhood is defined by an nc-connexity system (26-connexity, 8-connexity, 6-connexity,..). Combining these bbas is possible using one of 165 the evidential combination rules, for which a review can be found in [22] .
Let m ∩ i be the result of combining m i with bbas from the (nc − 1) connected voxels, using a non-normalised conjunctive combination [22] . m ∩ i is defined by
where m 1 . . . m nc are bbas from v i ' neighbours.
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This combination rule is capable of quantifying eventual conflict between the combined bbas, which is represented by m ∩ i (∅) = 0. This information could be valuable in some applications, e.g. medical images segmentation, but is known to be hard to interpret. In a closed-world assumption context [25] , where all the hypotheses on the membership of image sites are included 175 in the frame of discernment Ω, all bbas have to verify that m ∩ i (∅) = 0. When using a conjunctive combination, an orthogonal rule, also called Dempsters rule of combination [10] , is modelled to normalise the result of bbas' combination to fulfil the condition m ∩ i (∅) = 0. Let m ⊕ i be the result of combination using the orthogonal rule, it is then defined by
Both conjunctive combination rules 7 and 8 can be used to introduce spatial neighbourhood information, though there are some differences that we interpret and discuss in the dedicated section of this paper.
Weighting neighbour bbas
Intuitively, the amount of trust in the information brought by a neigh-185 bour is higher (lower) when it is closer (further). We model this reliability of neighbour bbas using a weakening factor which is inversely proportional to the distance from the voxel. Let m k be a neighbour of m i : we define a discounting factor 0 ≤ α k ≤ 1 such as :
where 0 ≤ γ ≤ 1 is a weighting parameter, and d k is a normalised 190 distance (divided by the least distance) between v i and its spatial neighbour v k . The optimal value of γ can be estimated by experiments/cross validation on images with well-known ground truth. Let m
A distance-weighted belief combination is then possible using discounted 
where ⊙ is one of the conjunctive operators, ∩ and ⊕, defined in 7 and 8, respectively. This distance-based discounting is particularly relevant in the case of some 3D imaging techniques (e.g. MRI end PET scan in medical imaging)
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where voxels are anisotropic. Indeed, these techniques use a set of parallel slices to reconstruct a 3D volume, and slices' thickness and/or distance can be different from pixels' size, which causes partial volume effect. For instance, in our application, 1.5T prostate morphological T2-weighted MRI, used in clinical routine in our radiology department, has 0.86x0.86x4.0mm 3 205 sized voxels. This discounting is also relevant when using a multi-scale approach, keeping the influence of neighbours moderated by their distance even when using rougher scales.
Credal relaxation
Based on the modelling of bbas extraction and correction presented 210 above, we propose to modify the ECM algorithm by adding a relaxation step within its iterative process. In Masson and Denoeux's ECM, the latter consists, in each loop, in extracting the credal partition M using (2) and optimise classes' centres V using a linear resolution of the objective function minimisation (3). The minimisation problem is resolved in [19] as the 215 resolution of the following linear system :
8 where
In our scheme, we introduce an additional step in computing the credal partition, which we call a relaxation step. Indeed, after extracting voxels' bbas as independent patterns using (6), we combine each bba with its spa-220 tially connected bbas using (11). The new algorithm is then detailed in the following section.
Parameters a > 0 : weighting exponent (default value 2) b > 0 : weighting exponent (default value 2) δ > 0 : rejection factor 0 ≤ γ ≤ 1 : neighbourhood weakening parameter
Compute M t using (2), (6) and V t−1 ; Compute the relaxed M ⊙ t using (11); Compute the new V t using M ⊙ t and (12); Until V t − V t−1 < ε 
Decision and labelling
At the level of the algorithm described in table 1, bbas on membership of voxels are extracted and optimised in a connexity-aware Evidential C-
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Means scheme. This level, called the credal level in Smets' Transferable Belief Model [20] , is dedicated to knowledge extraction and combination. We do believe and show, in the discussion section of this paper, that this level of knowledge may provide valuable information to physicians, which could help them in characterising complex tissues' mixture and detecting 230 abnormal structures/lesions. Nevertheless, we still have to make a decision on voxels' membership to perform a segmentation. Decision making, or labelling, can be reached by transforming bbas into probability measures. We use the pignistic transformation [23] , in which the amount of belief assigned to the empty set ∅ and Ω's subsets that include more than one 235 class are equally redistributed to the singletons (classes/elements of Ω). A probability function, called pignistic probability, is then computed using ∀ω ∈ Ω,
4. Application to segmentation of prostate zones
Assumptions
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We apply the proposed segmentation method to segment prostate MRI into Peripheral Zone (PZ) and its complementary (TZ) (c.f. Introduction). We then assume Ω = {P Z; T Z}. Multi-parametric MR volumes are used for data sources : T2-weighted, Diffusion-weighted and T1-weighted ContrastEnhanced MRI are used. We assume prostate contours had been delin-245 eated on these images, using our automatic segmentation method [26] and, if needed, expert manual correction. The region of interest of our segmentation process is then limited to prostate voxels.
Modelling an a priori feature
If multi-parametric MRI enhance prostate's tissue characterisation, some and in equilibrium. This shape is similar in appearance to a parabola, and its model in Cartesian coordinates is given by:
Where (x, y) are planar coordinates, θ is the catenary's parameter that characterises its curvature, and cst a constant that simply translates the curve. Catenary curves are given in figure 2 .a, for different values of θ. Let us consider the zth axial plan, or "slice", of prostate MRI. Assuming the gland pre-delineated, let G z (G x , G y ) be the gravity center of prostate voxels from the zth axial slice. Let (O z , x, − y) be a "gravity" Cartesian coordinate system such as
where G y is the y coordinate of the gravity centre G z (G x , G y ).
Cat enables then to compute, for each voxel, a new feature, a new feature based on its location within the gland. Figure 3) shows how Cat-based 285 features is used as an additional data source. 
Experiments and results
In this section, ECM refers to the Evidential C-Means [19] and MECM (Modified ECM) refers to our segmentation scheme. These methods were first confronted on simulated images to evaluate the improvements brought 290 by our scheme, MECM, in a segmentation context. The choice of simulated images was to allow control of image quality, using several contrast and Signal to Noise Ratio values in the rendering process. Second, our scheme was tested on real patients MRI data, to evaluate its performances and feasibility in a clinical context. Default values were used for ECM's and 295 MECM's shared parameters : a = 2, b = 2 and δ = √ 20. Optimal value of MECM's parameter γ had been estimated by the experiment detailed in paragraph 5.2. Conjunctive non-normalised combination rule was used when applying MECM but, as mentioned in paragraph 3.3.1, the impact of this choice is discussed in section 6.1. 
Data
Simulated images
We simulated multi-source images using real prostate MRI series, contoured by an expert radiologist. The purpose of this operation is to render image objects that are shaped like real prostate structures (PZ and TZ). Pre-305 delineated TZ was filled with its mean MR value. The PZ level is deduced using a pre-determined contrast value, given by
where I T Z and I P Z are mean MR signals of TZ and PZ. We add Gaussian noise, with a chosen standard deviation, and we apply standard median filter to reduce salt-pepper aspect of the noisy images. The same process was used 310 to render images from T2-w, DWI and CE MRI. Figure 4 illustrates this process. We define Signal-to-Noise Ratio of this simulated data as:
where I 0 (v i ) and I (v i ) are intensities of voxel v i before and after adding the Gaussian noise, respectively. 
Real MRI data
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Patients MR images were provided by radiology department of Claude Huriez hospital. Acquisitions were made on a 1.5T Philips MRI device. 31 patients exams were used in our experiments. These exams include complete multi-parametric MRI and cancer diagnosis data. 18 patients (56.25% of the group) had been diagnosed "positive" for prostate cancer. Three MRI 320 series were used in this study : T2-weighted with 0.48 × 0.48 × 1.25mm voxel size, T1 CEMRI with 0.62 × 0.62 × 4.00mm voxel size, and DWI with 1.12 × 1.12 × 4.00mm voxel size. These MR volumes were rescaled to fit the highest resolution ( 0.48 × 0.48 × 1.25mm ) in order to avoid data loss. All features, including MRI and morphological a priori, were linearly normalised 325 to the same range of values. The latter was automatically defined as the widest range among data channels.
Optimal weighting parameter
We estimate the optimal value of parameter γ defined in equation 9. An optimal value of γ is crucial in the process of introducing spatial neigh-330 bourhood information, and should not be correlated to specific image situations/conditions. We tested the MECM method on simulated images with different values of γ, and several contrast (0.15 ≤ C ≤ 0.3) and Signal to Noise Ratios (8dB ≤ SN R ≤ 16dB). These contrast/noise levels were chosen regarding 335 real prostate MRI contrast/noise. SNRs and contrasts (mean ± std.dev) of the MRI used in this study (T2-w, T1 CEMRI and DWI) were of 10.8 ± 1, 5dB and 0.272±0.037, respectively. We could establish that classification errors have global minima for 0.5 ≤ γ ≤ 0.7. For the following experiments, we choose γ = 0.6.
Impact of contextual information : MECM Vs ECM
In this experiment, we assess the introduction of spatial neighbourhood 345 information. Simulated data volumes were rendered using the process described in section 5. from MECM -which introduces contextual neighbourhood information -was satisfyingly close to expert segmentation, which DSC was of 0.975 ± 0.001 for TZ (0.925 ± 0.028 for PZ). The MECM proved to be more accurate than ECM, which is due to the introduction of contextual neighbourhood information. The latter allows the algorithm acting like a region-based segmentation 360 method. Visual results from MECM segmentation (fourth row), reveal two connected regions PZ and TZ, in which the number of misclassified voxels was significantly reduced compared to ECM classification. The modelling of spatial connexity allowed to correct the belief on voxels' membership; outliers, or noise regions, are iteratively corrected by this process, which signif-
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icantly reduces labelling errors. Overlap Ratios (mean ± std.dev) confirm these observations, with 0.723 ± 0.074 and 0, 891 ± 0.059 for TZ segmentation from ECM and MECM, respectively. Expert manual segmentation of TZ had an OR of 0.952 ± 0.001. As a global measure of MECM's impact, figure 7 shows that the method is much less sensitive to noise than ECM;
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MECM labelling errors were below 5% even for extremely noisy data (eg. for SN R = 7.77dB), while errors from ECM reached 20%.
Results on patients MRI
31 patients multispectral MRI (described in section 4.1.2) were used to validate and assess the performance of the proposed MECM method. In 375 order to study the impact of inter-observer variability, the images were contoured by three experts (Obs1, Obs2 and Obs3) from radiology department of Claude-Huriez's Hospital. Each patient MR exam could then be associated to three independent and different segmentations. Based on these segmentations, we computed a consensual expert segmentation from the 380 observers' labellings using "Simultaneous Truth And Performance Level Estimation" algorithm (STAPLE) [27] . This algorithm allows to estimate the hidden ground truth from a collection of different labellings of the same object using an expectation-maximization of each labelling performance. We then compared automatic segmentation, expert segmentation and the 385 estimated STAPLE using DSC, OR, and VDR. Results of these tests are summarised in table 3.
Computation time required by MECM, on a standard Personal Computer (AMD AthlonXP CPU, 2 Gigabytes of RAM), was of 9 ± 2min, while it took the radiologist 32 ± 9min ((mean ± std.dev) to delineate prostate 390 1.25mm-thick T2-weighted MR Images.
Compared to STAPLE estimated truth, MECM segmentation had a median DSC of 0.88 and 0.78, for TZ and PZ, respectively. Interquartile ranges mentation was satisfyingly close to human observers. The quality of MECM segmentation is visualised on figure 8 ; the extracted PZ seems very similar to both expert segmentation and the estimated truth. The method specifically succeeded in dealing with signal overlap from different structures; we notice that the presence of cysts (with PZ's image level) did not induce segmenta-400 tion errors (figure 8). We notice also that the apex and base slices (left and right columns, respectively), were segmented successfully despite the critical homogeneity and lack of contrast in these parts. These results also prove that MECM outperforms ECM when tested on real data. This is shown by DSC, OR and VDR values of Table 3 , and is illustrated by PZ labels of 405 figure 8. MECM segmentation particularly succeeds in avoiding outliers and providing a well-connected region that represents PZ, while ECM remains sensitive to local variations of intensities and groups prostate voxels that share intensities, regardless of their spatial context. We also tested the sensitivity of our method and the expert observers to the presence of tumours and to variations in prostate shape and appearance. Tumours, age and prostate volume are major factors that affect prostate tissues appearance on MRI studies. We partitioned the test population into groups, based on three criteria: age, prostate volume, and cancer diagnosis. We used Mann-Whitney's non-parametric t-test to assess, for each criterion,
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if segmentation accuracy were different for each group. For each criterion, the NULL hypothesis was then: The mean DSC of the segmentation method for group 1 is equal to the mean DSC for group 2. A p-value that is superior to 0.05 would mean, with type1 error of 5%, that the NULL hypothesis was true. In other word, the highest the p-value, the less sensitive the 420 segmentation method to the criterion. 6. Discussion
Impact of belief combination rules
Several combination rules may be used in introducing neighbourhood informations, and we made the choice of using conjunctive rules, normalised and non-normalised (c.f. section 3.3.1). Figure 9 shows a comparison of 430 credal partitions obtained using each one of these rules. First, it appears that non-normalised combination allows smoother bbas on borders of regions PZ and TZ, while Dempsters' normalised combination tends to be more deterministic. The use of the latter, which normalises m (∅) = 0, may cause a loss of valuable information that can be seen on 435 m (∅)'s maps from ECM and the non-normalised rule (figure 9: (a) and (b)). Dempsters rule was proved [28] but also criticized because of its normalisation step [29] . One of the alternatives is to avoid the normalisation step and to interpret the belief assigned to ∅, sometimes called conflict information. We note that senior radiologists made very interesting analysis 440 of belief maps, which provide more information than a classical binary decision. This analysis and the interpretation of m (∅) and m (Ω) in the context of MECM's scheme are detailed in the following paragraph.
Analysing conflict and ignorance information
In ECM's classification scheme, m (∅) is modelled and depends on δ
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(equations 3 and 6), which can be considered as a threshold on distances to classes' barycentres [19] :
where λ is a weighting parameter (default value = √ 20). As shown by Figure 9 , there is a region of high m (∅) values within the centre of the gland, shown by white arrow 1. The intensities from this region 450 are similar to ones from PZ (c.f. first row of figure 9). According to expert radiologist's analysis, this region represents a cyst of the Transition Zone. According to belief maps, voxels from this region had been assigned to the empty set by ECM and MECM using non-normalised conjunction (rows (a) and (b)). The MECM using normalised conjunction assigned these voxels to 455 PZ (row (c)). These cysts are not modelled in the frame of discernment Ω, and were assigned, as outliers, to the empty set ∅. To be less specific, when using the proposed segmentation scheme with non-normalised combination rule, bbas assigned to the empty set can be interpreted as outliers and structures that were not modelled in the frame of discernment. In this 460 case, a part of m (∅) can be used to detect one or several hypotheses that have not been initially taken into account. In addition, non-normalised conjunctive combination (equation 8) generates additional levels of m (∅) induced by possible discordance -conflict -between neighbour bbas. Figure  9 .b shows amount of conflict information located on frontiers between the 465 two classes, PZ and TZ, where voxels of the same neighbourhood belong to different structures and then bring conflictual information. m (∅) maps may then represent both regions' borders and outliers. Even though there is no unique interpretation of m (∅) maps, it can be helpful for guiding human expert analysis and decision, by highlighting irregularities and "unexpected" 470 structures. Less specifically, it can be used to model rejection of outliers or unwanted noise regions in the segmentation scheme.
On the other hand, we also notice high levels of m (Ω) near regions' frontiers, where voxels are likely to belong to one of the two structures. These levels of belief draw a frontier between the two regions (PZ and TZ) 475 and, when compared to image gradient ( figure 10 ), it appears that m (Ω), especially those computed using MECM, are more specific to the forntier between the regions defined in the frame of discernment. Such an information can be used in edge detection techniques such as active contours/surfaces in which contours computation methods (like image gradient and Gradient
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Vector Flow) have serious issues dealing with borders between regions that are not targeted by the segmentation process.
Conclusion
In this paper, we introduced a novel evidential segmentation scheme for multi-source images and presented its application to multi-parametric 485 prostate MRI. This method is based on the Evidential C-Means classifier in which we introduced a relaxation step to integrate voxels' spatial neighbourhood information. The choice of using belief functions through the ECM model was motivated by the ability of this theory to take into account incomplete, redundant and complementary data sources, which are properties 490 of prostate multi-parametric MRI. Belief functions modelling also offers a set of native rules for data fusion and belief combination which we used to model the partial knowledge brought by connected neighbours on voxels membership. The use of belief combination and weakening allowed us to model the assumption of spatial connexity of similar regions, and to adapt the ECM 495 classifier to image segmentation process. The impact of this technique was shown by quantitative and qualitative enhancement in segmentation quality. We have shown that the modified ECM scheme, MECM, modifies the final decision and provides a more accurate segmentation: this new process leads to a true region-based segmentation scheme, providing better con-500 nected regions with smoother boundaries. Via neighbourhood information, the MECM also succeeded in classifying noisy voxels and outliers, and the remaining ambiguities are mainly located on the frontiers between regions. We also tested our MECM segmentation scheme on 31 patients prostate multi-parametric MRI exams, and compared its performance based on three different and independent experts in order to take into account the interobserver variability. MECM segmentation results were satisfyingly accurate and similar to expert truth, estimated using STAPLE multi-observer truth estimator. Our method succeeded in avoiding ambiguous signals, e.g. PZlike signals from cysts in the TZ, and provided two well connected regions 510 representing the two zones. This paper brings then a novel method that allows using the approximate Evidential reasoning in segmentation applications. The scope of this paper was not to compare its performance to other generic stae-of-the art segmentation algorithms, but to prove its feasibility in the context of belief functions theory. We are currently working 515 on such a comparative study which will be the subject of a dedicated paper.
Nevertheless, in order to give the reader a basic idea on the effectiveness of MECM, we show in figure 11 a comparison to segmentation based on Gaussian Mixture Models (GMM). On both simulated and real multispectral prostate MR data, the MECM segmentation is visually but significantly 520 better than ECM segmentation, and the latter is slightly better than GMM. A full comparison of MECM is to be expected in our upcoming paper. Some limitations of the method could be identified. First one is the use of the neighbourhood-based relaxation as an independent step, and not as an additional criterion in ECM's objective function. The impact 525 of this limitation is basically that the convergence of our algorithm is not based a neighbourhood-aware constraint, but is altered by an additional step which succeeded as proven by experiments. We are looking forward to investigate this point by integrating spatial neighbourhood in a new objective function and evaluate the impact of this new convergence. The second limit is inherent to the use of evidential reasoning in multi-label classification/segmentation: modelling belief on power sets may result in exponential complexity of operations (combination, weakening, etc.) made on bbas with respect to the number of classes. This issue has been raised by Denoeux and Masson in a very recent paper [30] , and their approach may make the MECM 535 more feasible for segmenting more than two regions of the images. Finally, the lack of modelling of the reliabilities of data sources which are equally used to extract knowledge. It would be relevant to quantify, separately, the contribution of each source to enhance bbas extraction. We notice that in the application presented in this study, which is prostate multi-parametric 540 MRI, such a quantification is only possible through investigation in correlations between prostate MRI and histological studies, which is a work in progress in our team. Another approach is also being investigated and consists in applying ECM-based segmentation on each source and combine the resulting bbas to obtain a final decision on voxel's membership. The latter 545 approach needs to be compared to the method introduced in this paper to assess if any improvement in segmentation's quality is possible.
